Understanding the ways in which local network structures are formed and organized is a fundamental problem in network science. A widely recognized organizing principle is structural homophily, which suggests that people with more common neighbors are more likely to connect with each other. However, what influence the diverse structures formed by common neighbors (e.g., and ) have on link formation is much less well understood. To explore this problem, we begin by formally defining the structural diversity of common neighborhoods. Using a collection of 116 largescale networks-the biggest with over 60 million nodes and 1.8 billion edges-we then leverage this definition to develop a unique network signature, which we use to uncover several distinct network superfamilies not discoverable by conventional methods. We demonstrate that structural diversity has a significant impact on link existence, and we discover striking cases where it violates the principle of homophily. Our findings suggest that structural diversity is an intrinsic network property, giving rise to potential advances in the pursuit of theories of link formation and network evolution.
INTRODUCTION
Since the time of Aristotle, it's been known that people "love those who are like themselves" [1] . We now know this as the principle of homophily, which suggests that the tendency of individuals to associate and bond with similar others drives the formation of social relationships [21, 28] . The powerful effects of homophily pervade our everyday lives, silently influencing our most basic relationships from friendship to marriage [28] . By guiding the formation of relationships, homophily also plays an important role in the dissemination of information, behavior, and even heath [6] . But homophily applies to more than shared traits or characteristics: it applies to the fundamental structure of our relationships as well.
Structural homophily holds that individuals with more friends in common are more likely to associate [32, 18, 17] . The tendency of individuals to connect based on structural homophily has been widely explored in network science [25, 17, 3, 9] , where it has been shown to be a strong driving force of link formation over a large assortment of networks. Yet, while structural homophily accounts for similarity based on the actual number of common neighbors, it fails to account for the diverse ways in which these neighbors may be connected-a phenomenon known as structural diversity. Despite the importance of structural homophily, the effects of structural diversity are much less well understood. This leaves many interest- ing questions concerning the role of structural diversity in common neighborhoods unanswered, including: how it manifests across networks, how it varies according to the type of network, how well it concords with the principle of homophily, and how much it influences network connectivity in a neighborhood and beyond. Motivating example. Consider the real-world scenarios presented in Figure 1 . According to structural homophily, the probability that two users vi and vj know each other given that they share four common neighbors (CN), as shown in Figure 1 (b), is generally higher than when they share only three, as shown in Figure 1 (a). Formally, P (eij=1 | #CN=4) > P (eij=1 | #CN=3), where eij=1 denotes the existence of an edge e between vi and vj. A natural question that arises is how two users' common neighborhood-that is, the subgraph structure of their common neighbors-influences the probability that they form a link in the network. For example, let us assume that vi and vj share four common neighbors. Are vi and vj more likely to connect with each other if their four common neighbors do not know each other (i.e., ), as in Figure 1 (b), or if they all know each other (i.e., ), as in Figure 1 (c)? In essence, then, we are interested in the truth of the following inequality:
In this work, we formally define the structural diversity of common neighborhoods between two individuals and study its impact on the probability that these individuals know each other. Our definition of the structural diversity of a common neighborhood is a mixture of the variety and density of common social contexts. Variety measures the number of connected components that comprise the common neighborhood, capturing the variable ways in which a neighborhood may be composed. Density measures the ratio be-tween the number of edges and all possible edges among common neighbors, capturing how tightly connected the neighborhood is. In general, we consider a common neighborhood with more components and lower density to be more structurally diverse. Using this formulation, we study the influence of structural diversity on the formation of (social) relationships across more than one hundred large-scale networks from a wide range of domains (cf. Section 2), making it the largest empirical analysis done on networks to date.
The measure of structural diversity was first proposed in a study by Ugander et al. [39] , which found that the user recruitment rate in Facebook is determined by the variety of an individual's contact neighborhood. They focused on an ego-centric notion of structural diversity. We go beyond an ego, and focus on the structural diversity of common neighborhoods for two-person ego networks (see examples in Figure 1 (a)(b)(c)), rather than the diversity of a sole individual's ego network (see v's ego network in Figure 1(d) ).
We leverage our definition of the structural diversity of common neighborhoods to develop a signature for network superfamily detection. By employing the structural diversity signature of each network, we are able to cluster all the real-world large-scale networks used in our study into three distinct superfamilies, each of which displays unique link existence patterns. We find that, surprisingly, these superfamilies cannot be uncovered by subgraph significance profiles [29] , indicating that the structural diversity signature provides the ability to unveil previously undiscovered mechanisms of network organization. This finding demonstrates that the structural diversity of common neighborhoods can effectively capture driving forces intrinsic to the formation of local network structures.
We examine how the structural diversity of common neighborhoods impacts link existence and network connectivity. We also provide in-depth investigations using three large-scale networksFriendster, BlogCatalog, and YouTube-each of which represents a particular network superfamily. 1 These findings generally hold for all networks within a given superfamily. Figure 2 reports the relative link existence rate between each pair of users who have at least one common neighbor, conditioned on several representative common neighborhoods (x-axis). We observe that with the same edge density and similar number of components, the link existence rates given different common neighborhoods (e.g., , , and ) are close to each other. In Friendster and its network superfamily, we find that when we fix the size of the common neighborhood (e.g., three common neighbors), an increase in the structural diversity of the neighborhood (i.e., greater variety and lower density) negatively impacts the formation of online friendships-that is, P (e=1| ) < P (e=1| ). By contrast, in BlogCatalog and its superfamily, we discover that an increase in the structural diversity of the common neighborhood actually facilitates link formationthat is, P (e=1| ) > P (e=1| ). We further note that other network properties show strong similarities between different superfamilies, and thus cannot adequately characterize the differences we observe in the structural diversity of common neighborhoods.
We also discover striking phenomena where structural diversity violates the principle of homophily. Formally, when applied to the context of common neighborhoods, the principle suggests that P (e=1 | #CN=4) > P (e=1 | #CN=3). However, if we consider BlogCatalog, for example, we find that the link existence rate of four common neighbors in a single component is significantly lower than the rate of only three disconnected common neighbors, i.e., P (e=1| ) < P (e=1| ). Similarly, in Friendster, homophily is violated when comparing four disconnected common neighbors with three connected common neighbors, i.e., 1 For full results over all of these networks, please refer to the companion webpage at http://www3.nd.edu/~ydong1/diversity/diversity.html.
Relative link existence rate
Figure 2: Structural diversity of common neighborhoods affects link existence rate. x-axis: all three-node common neighborhoods (left) and five out of eleven four-node common neighborhoods (right). y-axis: relative link existence rate between two users (cf. Section 3 for detailed definition).
P (e=1| ) > P (e=1| ). These findings imply that structural diversity is a simple yet effective predictor for inferring link existence. For example, by applying structural diversity to the link inference task, we find a 57% improvement over structural homophily as measured by AUPR in both the Friendster and BlogCatalog Networks.
Studying structural diversity in the context of common neighborhoods sheds light on the pursuit to truly understand the driving forces behind the organization of neighborhoods in social networks. Our findings also have important, practical implications for recommendation functions in social networks, such as "People You May Know" in Facebook and "Who to Follow" in Twitter.
Organization. The remainder of the paper is organized as follows. In Section 2, we present the extensive set of large-scale network datasets used in this work. In Section 3, we introduce our definition of the structural diversity of common neighborhoods, noting several questions that this definition raises. In Section 4, we apply this definition to catalog our set of over one hundred large-scale networks into network superfamilies based on their structural diversity. In Section 5, we use representative networks from these superfamilies to examine how the structural diversity of common neighborhoods impacts link existence. Finally, we review related work in Section 6, and provide our conclusions in Section 7.
BIG NETWORK DATA
To comprehensively examine our proposed concept of the structural diversity of common neighborhoods, we have assembled a large collection of big network datasets from several wellknown data platforms, including (in alphabetical order): AMiner (AMiner Open Science Platform [37] ) 2 In total, we have compiled a set of 116 large-scale undirected and unweighted networks from the platforms listed above, including 84 real-world networks and 32 random graphs. We have cleaned the networks as follows: For directed social networks, such as mobile phone and SMS networks, we retain only reciprocal connections as undirected edges. For other directed networks that have no reciprocal connection, such as citation networks, we convert each directed link into an undirected one. We have then pruned the resulting undirected networks by removing all duplicate edges and self-loops, retaining only the largest connected component.
The detailed information about the 116 networks is shown in Table 4 (see the last page), which provides detailed network characteristics, including: order and size; the average, 10%, 50%, 90%, and maximum degrees; the average and global clustering coefficients (cc); diameter; and the number of closed triangles and triplets. Due to the large set of networks, we have labeled them according to the follow nomenclature: type-original-platform. type denotes the network type, most of which have been previously designated by their source data platforms (see the taxonomy example in SNAP). For a given network, type can be one of social blog-based (blog-), collaboration (ca-), citation (cit-), communication (comm-), locationbased (loc-), or online social (soc-) networks, or web hyperlink graphs (web-). original denotes the original name of the networks as provided by each platform. platf orm denotes the data platform from which the network has been sourced. We note that the largest network used in this work is the soc-Friendster-SNAP online social network, which consists of over 65 million nodes and 1.8 billion edges.
To ensure that our study explores a representative sample of network structures, we also test the concept of structural diversity of common neighborhoods on 32 random graphs, including networks generated by the Erdős-Rényi (ER) model [13] , Barabási-Albert (BA) model [4] , and Watts-Strogatz (WS) model [43] . For all three models, the number of nodes is set as 1,000,000. In the ER model, we set the edge creation probability to between 5×10 −6 and 5×10 −5 with a step of 5×10 −6 , thereby generating ten ER random graphs with the number of edges ranging from roughly 2,000,000 to 25,000,000. We use the BA model to generate eight BA random graphs with between 2,000,000 and 16,000,000 edges. Finally, we use the WS model to generate 14 WS random graphs by setting different mean degrees k and rewiring probabilities β, where k is chosen from 4, 8, 12, 16, 20, 24 , and 28, and β is 0.2 or 0.8. There are between 2,000,000 and 14,000,000 edges in the WS graphs.
STRUCTURAL DIVERSITY OF COMMON NEIGHBORHOODS
In this section, we investigate the principles that drive the formation and organization of local structures in large-scale networks.
In particular, we focus on the common neighborhood of each pair of users and ask the following question: How does a pair of individuals' common neighborhood-the subgraph with their mutual neighbors as nodes and the connections among them as edgesinfluence the probability that there exists a link between them?
Formally, we use G = {V, E} to denote an undirected and unweighted network, where V = {vi} represents the set of nodes and E ⊆ V × V represents the set of links between two nodes. We denote each existing link, eij ∈ E, as eij = (vi, vj) = 1 and each non-existing link, eij / ∈ E, as eij = (vi, vj) = 0. Definition 1. Common Neighborhood: Let N (vi) denote the adjacency list of a node vi, i.e., vi's neighborhood. The common neighborhood of each pair of two nodes vi and vj can be represented as the subgraph composed of their common neighbors,
denotes the common neighbors of vi and vj, and E ij = {epq | epq ∈ E, vp ∈ V ij , vq ∈ V ij } denotes the edges among their common neighbors.
Input: Given a network G = {V, E}, the input of our problem includes 1) each pair of users who have at least one common neighbor, i.e., {(vi, vj) = eij | |V ij | ≥ 1} , and the common neighborhood G ij = {V ij , E ij } of each pair of users vi and vj.
Structural homophily. The principle of structural homophily suggests that with more common neighbors, it is more likely for two people to know each other. Formally, this means that if y > x, then P (eij=1 | |V ij |=y) should generally be larger than P (eij=1 | |V ij |=x). A long line of work from various fields has demonstrated that this principle holds across a wide variety of different networks. For example, Figure 3 (a) reports the link existence rate between two users (y-axis), conditioned on the size of their common neighborhood (x-axis) in three representative networks. We can see that as the number of common neighbors increases, the probability that two users are connected with each other increases in all three networks as well.
In this study, we revisit this principle of structural homophily, further proposing the concept of structural diversity of common neighborhoods. We define the structural diversity of a graph as a function of its variety and density, as formalize its application to common neighborhoods below. Definition 2. Structural Diversity of Common Neighborhoods: Given a network, G, a pair of users in this network, vi and vj, and the pair's common neighborhood, G ij = {V ij , E ij }, we define the structural diversity of G ij as a mixture of its variety, |C(G ij )|, and density,
Consider a pair of users with four common neighbors. This pair's common neighborhood has 11 possible configuration structures: , ,
In general, we refer to the more diverse structure as the one with fewer edges and more components. Output: Our goal is to study the relations between the structure of two users' common neighborhood and the probability that there exists a link between these two users. Therefore, given two users vi and vj and their common neighborhood G ij , the output of our problem is the link existence probability distribution of G ij , P (eij=1 | G ij ). In each network, we enumerate all pairs of users who have at least one common neighbor. If we fix the common neighborhood G ij of two users vi and vj, then we can compute the link existence probability P (eij=1 | G ij ) based on the number of link pairs that exist. To facilitate the comparability of results across networks with diverse sizes and densities, we define the relative link existence rate
where P (e=1 | #CN =1) denotes the link existence probability when two users have exactly one common neighbor.
Definition 3. Structural Diversity Signature: Given a network G = {V, E}, its structural diversity signature is defined as a vector of relative link existence rates with respect to the specified common neighborhoods.
Consider, for example, user pairs with between two and four common neighbors. The common neighborhoods represented by these pairs of users correspond to a vector of the relative link existence rates for 17 subgraphs (2 subgraphs for common neighborhoods with size two, 4 for those with size three, and 11 for those with size four).
Given this input and output, our work seeks to understand the underlying driving forces behind link formation and network organization by answering the following questions:
• Does the structural diversity signature vary across networks?
• Is the structural diversity signature a fundamental property of networks? • How does the structural diversity of common neighborhoods influence the link existence probability? • Does structural diversity concord or conflict with the principle of homophily in networks? • Can structural diversity help to improve link inference?
STRUCTURAL DIVERSITY SIGNATURE FOR NETWORK SUPERFAMILIES
There exist natural laws that govern the global structure of network systems, through which constant, universal properties such as long-tailed degree distributions arise. However, even when subject to the global properties prescribed by these laws, different networks can still reveal distinct local properties and structures. One striking example is the discovery that networks with long-tailed degree distributions can be naturally catalogued into distinct superfamilies of networks based on their subgraph frequencies [29] . In this section, we investigate how the structural diversity signature canlike subgraph frequency-uncover previously undiscovered mechanisms of network organization, thereby allowing it to serve as a fundamental property by which to catalogue networks.
Can the Structural Diversity Signature
Identify Distinct Network Superfamilies?
To answer this question, we examine the similarity between the functions of structural diversity of common neighborhoods across the 116 networks. We begin by constructing, for each network, the structural diversity signature (a 17-length vector) with two to four common neighbors. We then use this signature to compute the similarity in the structural diversity for each pair of networks. Figure 4 visualizes the similarity matrix of the structural diversity profiles between every pair of networks. The x-and y-axes represent all 116 networks studied in this work, and the spectrum color represents the correlation coefficient. Note that the arrangement of rows and columns in the presented similarity matrix is determined by the Ward variance minimization algorithm for hierarchical clustering [42] , and the similarity between structural diversity profiles is measured by the Pearson correlation coefficient [29] . Network Superfamilies. We observe four clear, dense clusters in Figure 4 (a). Three of these clusters correspond to real networks, and are labeled as red, blue, and gold at the top dendrogram. The remaining cluster, which corresponds to most of random graphs, is labeled as black. The fact that our similarity analysis distinguishes between real and artificial networks indicates that the structural diversity signatures are able to capture hidden properties underlying the network structures.
According to the structural diversity signature, a total of 38 networks-including Facebook and Friendster-are grouped together into a single cluster (colored 'red' in the dendrogram), wherein the structural diversity of common neighborhoods has similar effects on link formation in each network. Another 20 networks-including LinkedIn and BlogCatalog-are grouped into another cluster (colored 'blue'), indicating strong correlations among these networks but weak correlations between these networks and those in the red cluster. An additional 24 networks are grouped into the final cluster of real networks (colored 'gold'). While the networks within these three superfamilies demonstrate a high degree of similarity, we note that the networks in the gold cluster demonstrate relatively higher similarity with networks in the red and blue clusters than the networks in the red and blue clusters demonstrate with each other. Finally, there are 34 remaining networks (8 real networks and 26 random graphs) that are not clustered into the three aforementioned clusters (colored 'black').
We find that the vast majority of real networks are, based on their structural diversity signatures, clustered into three major superfamilies (i.e., colored red, blue, and gold in the dendrogram). Each superfamily consists of different types of networks, whereas the network type is defined by intuition, according to either the network service or function, such as social (soc-), collaboration (ca-), communication (comm-), location based (loc-) networks, and so on. For example, the 'red' superfamily is mainly composed of social (soc-), film and academic collaboration (ca-), and email and mobile communication (comm-) networks. On the other hand, the same type of networks are also grouped into different superfamilies. According to conventional wisdom, for example, the Facebook and LinkedIn networks both belong to the concept of online social networks (soc-). However, the Facebook network is indexed in the 'red' superfamily, while the LinkedIn network is indexed in the 'blue' superfamily, demonstrating that the structural diversity of common neighborhoods actually serves opposing roles in determining link existence within these two networks. Random Graphs. We further study how the structural diversity signatures qualify the nature of random graphs. Observed from Figure 4 (a), all Erdős-Rényi (ER) graphs [13] are densely clustered into the bottom left hierarchy. According to Watts and Strogatz [43] , WS random graphs with the β parameter close to 1 tend to approach ER random graphs. This theory is captured by the structural diversity profile, as WS graphs with β=0.8 are successfully grouped into the ER cluster. Further, we find the Barabási-Albert (BA) random graphs cannot be successfully clusteredneither together or nor into other clusters-despite the BA model being able to simulate networks that satisfy the scale-free property [4] .
What we find most striking is that the only random graphs that are clustered into the three major clusters (i.e., colored red, blue, or gold) are WS graphs with a small rewiring probability β (e.g., β = 0.2). A small β in the WS model leads to networks smallworld properties, such as short average path lengths and high clus- tering coefficients. According to the similarity matrix, however, the WS model can only imitate one specific superfamily (colored blue) of real networks (e.g., BlogCatalog and LinkedIn). These findings demonstrate that none of the three classical random graph models are able to simulate an important family (red) of real-world networks (which includes networks like Facebook, Friendster, and MySpace), although the random graphs may satisfy a series of network properties, including scale-free and small-world phenomena.
To provide a deeper understanding of the structural diversity of common neighborhoods, we focus on in-depth investigations into the following three large-scale social networks, each of which represent a particular network superfamily: Friendster (65,608,366 nodes and 1,806,067,135 edges) from the 'red' superfamily, BlogCatalog (88,784 nodes and 2,093,195 edges) from the 'blue' superfamily, and YouTube (1,134,890 nodes and 2,987,624 edges) from the 'gold' superfamily. Nevertheless, our findings generally hold for any network within a given superfamily.
Is the Structural Diversity Signature a
Fundamental Network Property?
Characterization of the global similarity and difference across multiple networks is conventionally focused on degree distribution [4, 14] , degree sequence [31, 12] , and subgraph frequency [29] . To examine the significance of the structural diversity signature, we need to investigate not only its ability to effectively characterize networks, but the extent to which these characterizations are distinct from those provided by conventional methods. Therefore, a crucial question remains: Does the structural diversity signature serve as a general, fundamental property of networks?
To answer this question, we analyze the structural diversity signature at the micro and macro scales over three representative networks (as determined by the superfamilies discovered in Section 4.1)-namely, Friendster, BlogCatalog, and YouTube. As there are several ways to quantify network properties at the global scale, we compare the structural diversity signature with the following four conventional approaches: (1) The subgraph significance profile, a numerical vector of the frequencies (significance level) of different subgraphs [29] . (2) A sequence-of-percentile-degrees vector of node degrees that are ranked at particular positions (e.g., 0%, 10%, 20%, · · · , 90%, 100%) of a network's degree sequence. (3) A bag-of-degrees vector of occurrence counts of node degrees in a network, which is equal to its degree distribution. (4) A bagof-#CNs vector, in which the occurrence counts of common neighborhood size is vectorized.
At the micro scale, we can examine the visualized distributions of the aforementioned measures. The four-subgraph distributions (computed by ESCAPE [7] ) are shown in Figure 5(b) , degree distributions in Figure 5 (a), and common neighborhood size distribution in Figure 3(b) . From these figures, we can observe that each type of distribution reveals similar tends and shapes within the three networks, although they are not identical. We also provide numerical results of the differences between Friendster and BlogCatalog. The correlation coefficients based on subgraph, sequence of percentile degrees, bag of degrees, and bag of #CNs are 0.579, 1.000, 0.996, and 0.957, respectively, which are significantly higher than structural diversity signature based quantification (−0.267). The strong correlations between Friendster and BlogCatalog produced by all four alternative methods further highlight their inability to uncover hidden network properties.
At the macro scale, we can examine heatmaps of the correlation coefficient matrix for each method. The heatmap for the structural diversity signature is shown in Figure 4(a) , while the heatmap for the alternative methods are shown in Figure 4(b)(c)(d)(e) . To compare with the structural diversity signature, the ordering of networks in these four matrices are kept identical to that in Figure 4(a) . The four resulting matrices fail to show clear and dense clusters, further confirming the unmatched ability of structural diversity signatures to detect unique network superfamilies. Note that the subgraph significance profile (Figure 4(b) ) is able to categorize the networks into multiple superfamilies if the same clustering algorithm is applied to the correlation matrix. Based on these results, we argue that the structural diversity signature is able to capture underlying mechanisms of network organization that cannot be discovered by conventional methods such as the subgraph significance profile [29] , degree distribution [14] , and degree sequence [31] . Conclusion. Our comprehensive study based on both micro-and macro-level phenomena demonstrates that the structural diversity signature can detect intrinsic, hidden network superfamilies that are not discoverable by conventional methods. These findings suggest that the structural diversity signature serves as a unique, fundamental property intrinsic to networks.
STRUCTURAL DIVERSITY IN LINK EXISTENCE
By leveraging the structural diversity signature, we discover three major superfamilies from 84 real-world networks. To further understand how the structural diversity of common neighborhoods influences link existence in three superfamilies, we focus our investigations on the following three large-scale social networks, each of which represents a particular network superfamily: Friendster from the 'red' superfamily, BlogCatalog from the 'blue' superfamily, and YouTube from the 'gold' superfamily in Figure 4 (a). However, these findings generally hold for any network within a given superfamily.
How Does Structural Diversity Influence
Link Existence?
When we control for the size of common neighborhood between two users, how does its structure influence the probability that they form a link in the network? An illustrative example of this question is introduced as follows. Given that two users vi and vj have four common neighbors, are they more likely to connect with each other if their four common neighbors do not know each other ( ) or if their four common neighbors already know each other ( ), i.e.,
To address this question, we compute 546 billion, 612 million, and 1.26 billion pairs of users in the Friendster, BlogCatalog, and YouTube networks, respectively. Figure 6 presents the relative link existence rates for two, three, four, five, and six common neighborhoods in the Friendster, BlogCatalog, and YouTube networks. It is immediately observable that the impact of structural diversity on link existence in the three networks is remarkably different. Figure 4 , respectively. x-axis: two-node, three-node, and four-node common neighborhoods on the left side; five-node and six-node common neighborhoods on the right side. The x-axis is ordered according to the following keys: common neighborhood size (ascending), edge density of the common neighborhood (ascending), and component count of the common neighborhood (ascending). When all three keys are the same, the degree sequence of the common neighborhood is in descending order. Shading indicates differences in edge density. Error bars designate the 95% confidence interval. We study in detail how the structural diversity-that is, the density and variety-of common neighborhoods influences the link existence. Recall that density is measured by the ratio of the number of actual edges to the number of possible edges between all pairs of nodes, and variety is measured by the number of connected components. In general, if we control the size of common neighborhood, then as the component count increases, the link existence rate decreases in Friendster (and its superfamily) but increases in BlogCatalog (and its superfamily). This finding is illustrated in Figure 6 and Figure 7(d)(e) . This tells us that users on BlogCatalog are more likely to connect if their common friends are more structurally diverse, while users on Friendster are more likely to connect if their common friends are densely embedded in the same community.
For common neighborhoods with the same size and component count, we still observe variations in the link existence rate. We further examine the impact of edge density among common neighborhoods, as distinguished by different shadings in Figure 6 . For a given size of common neighborhood, if we focus on common neighbor subgraphs with the same densities (shadings), the link existence rates are relatively similar to each other. For example, when two users have four common neighbors, they have similar probabil- (two edges). On the other hand, with increasing densities in common neighborhoods, as in Figure 6 and Figure 7(a)(b) , the relative link existence rate increases in Friendster but decreases in BlogCatalog. Indeed, the edge density of the common neighborhood also has a crucial role in determining link existence in both Friendster and BlogCatalog networks.
Recall that a common neighborhood with more components and sparser edges is considered more diverse. If we fix the number of common neighbors, we find that the structural diversity of common neighborhoods has a negative effect on the formation of online friendships in Friendster (and its superfamily) but a positive effect in BlogCatalog (and its superfamily). This observation reveals a fundamental difference between these two networks and their superfamilies both in their microscopic structures and link formation mechanisms.
Further, we quantify the impact of density and variety on link existence. Table 1 reports the Pearson correlation coefficients ρ between the relative link existence rate and the structural diversity of common neighborhoods. We can clearly see that both variety (#components) and density are strongly correlated (|ρ| > 0.8) with the link existence rate in Friendster and BlogCatalog, although one is positively correlated and the other one is negatively correlated. Conclusion. We demonstrate that the structural diversity of common neighborhoods as quantified by density and variety is a crucial factor in determining link existence across networks. Further, the contrasting influences of structural diversity on the link existence correspond to networks catalogue to different superfamilies (shown in Figure 4 ). This observation reaffirms our claim that the structural diversity signature-the means by which we organize these superfamilies-serves as a fundamental property of networks.
Does Structural Diversity Violate the Principle of Homophily?
Previously, we demonstrated that in the 'red' network superfamily (Friendster) the structural diversity of common neighborhoods is in general negatively associated with link existence, i.e., P (e=1| ) < P (e=1| ), while in the 'blue' superfamily (BlogCatalog) it is in general positively associated with link existence i.e, P (e=1| ) > P (e=1| ). A subsequent question that one may ask is whether structural diversity conflicts with the principle of homophily. Specifically, for Friendster, this can be formalized as:
In BlogCatalog, the question can be similarly formalized as:
Conventional wisdom may answer "yes" to both cases, as the concept of structural homophily suggests that, all other things equal, relationships are more likely to form between individuals that share a larger common neighborhood. Surprisingly, however, we find that there is no empirical evidence to support the existence of homophily within the context of structural diversity.
In Figure 6 , we can observe that the link existence rate between two BlogCatalog users with densely connected common neighbors is actually lower than the link existence rate between users with fewer but more loosely connected (less dense) neighbors. For example, if two users share four common neighbors, the probability that there exists a link between them is, in more than half of the eleven configurations ( , , ,
, lower than the probability of a link between users that share three disconnected common neighbors ( ). In fact, P (e=1| ) is 493% higher than P (e=1| ); even P (e=1| ) is higher than P (e=1| ). By contrast, in Friendster, homophily is instead violated when a larger size of disjoint common neighbors meets with a smaller size of connected ones. For example, the link existence probabilities given and are lower than those given and . Similar violations can be seen to occur in various cases with different numbers of common neighborhoods. Conclusion. Our observations show that structural diversity does indeed, in many cases, violate the principle of homophily. These observations suggest that the fundamental assumption held by the homophily principle that "more common friends means a higher probability to connect" can often be an oversimplification, and-as clearly shown-is not necessarily true.
Can Structural Diversity Help to
Improve Link Inference?
The structural diversity of common neighborhoods is crucial in determining link existence. Often it violates the principle of structural homophily, which demonstrates a simple and yet effective predictor for inferring link existence. Accordingly, we further explore the extent to which structural diversity can help link inference. More formally, we ask which of the following measurements is more accurate,
Note that to answer this question, we focus on qualifying the effect of structural diversity in link inference. Therefore, we leave the improvement of link prediction performance for future work. First, to demonstrate the role of structural diversity in link inference, we perform a regression analysis, shown in Table 2 . We find that, together with the size of common neighborhoods (#CN), the two characteristics of structural diversity-density and variety (#Components)-can be used as highly accurate predictors of the link existence rate (R 2 > 0.75). We also find that the density and variety of common neighborhoods serve as statistically significant (p < 0.001) factors in the Friendster and BlogCatalog networks. Observed from the last row of Table 2 , when predicting for the Friendster and BlogCatalog networks, we can achieve a far better estimation by using the structural diversity of common neighborhoods than using only structural homophily (#CN), as measured by R 2 . On Friendster, R 2 improves from 0.42 to 0.83 (+97%), and on BlogCatalog, R 2 improves from 0.14 to 0.76 (+442%). Second, we use both structural homophily and diversity as link predictors to infer whether there exists a link between two users. For structural homophily, we use #CN as the unsupervised predictor. For structural diversity, we use the linear combination of its two characteristics-density and variety-as the predictor. For these predictions, we limit the candidate pairs of users to be inferred as those users with between two and six common neighbors. This generates more than 67 billion, 224 million, and 118 million data instances in the Friendster, BlogCatalog, and YouTube networks, respectively. We further note that the ratio between positive (existing links) and negative (non-existing links) instances is highly imbalanced in each network, resulting in difficult prediction tasks. Table 3 shows the link inference performance generated by structural homophily and diversity on each of the three networks as measured by AUPR and AUROC. Figure 8 illustrates the corresponding precision-recall curves. In terms of AUPR, the structural diversitybased unsupervised predictor outperforms the homophily-based predictor by about 57% in the Friendster and BlogCatalog networks. In terms of AUROC, structural diversity also demonstrates greater predictive power than homophily. An application of the t-test to these results finds that the improvements of the diversitybased predictor over homophily-based predictor are highly statistically significant (p 0.001). Note that the structural diversity-based predictor does not outperform the structural homophily-based predictor on the YouTube network. While the lack of improvement could be considered disappointing, this result actually further validates the findings in Figure 6 , which shows that the impact of the structural diversity of common neighborhoods on link existence can differ among networks of different superfamilies. Specifically, this result shows that the influence of structural diversity on networks in the 'gold' superfamily, which includes the YouTube network, is not as significant as it is for the 'blue' and 'red' superfamilies. That is, the observed difference in performance is a consequence of the underlying factors that distinguish the 'gold' superfamily from the others. Conclusion. We provide empirical evidence that the structural diversity of common neighborhoods helps the link inference task for networks in the 'blue' and 'red' superfamilies, and we demonstrate that this performance reaffirms the existence of superfamilies. As a result, we find that the proper application of structural diversity has the potential to substantially improve the predictability of link existence, with important implications for improving recommendation functions employed by social networking sites.
RELATED WORK
Social theories are the empirical abstraction and interpretation of social phenomena at a societal scale. The idea of homophily, in particular, dates back thousands of years to Aristotle, who observed that people "love those who are like themselves" [1] . In its modernday conception, the principle of homophily holds that individuals are more likely to associate and bond with similar others [21, 28] . Homophily and Embeddedness. In the context of network science, structural homophily suggests that people with more common neighbors tend to connect with each other [32, 18, 17] . The number of common neighbors is often termed embeddedness [27, 41, 11] . A long line of work has demonstrated the power of structural homophily in determining link existence [25, 17, 3, 9] . Backstrom and Leskovec, for example, showed that the probability that two Facebook users become online friends is exceptionally low if they share only a small number of mutual friends [3] . But even with a fixed number of common neighbors, there still exist a diverse set structures that describe common neighborhoods. How these diverse structures influence link existence remains an open question in both network and social science. Structural Diversity. The concept of structural diversity was first proposed by Ugander et al. [39] , who found that the user recruitment rate in Facebook is determined by the variety of an individual's contact neighborhood, rather than the size of his or her neighborhood. Further studies show that the diversity of one's ego network also has significant influence on a user's other social decisions, such as whether to pay for online gaming [15] . The difference between this work and our study centers around neighborhood studies. While Ugander et al. study the variety of a single individual's contact neighborhood, we instead focus on the structural diversity of a pair of individual's common neighborhoods.
Other studies have leveraged the concept of common neighborhoods. Dong et al. incorporated the edge count of common neighborhoods into a link prediction model [8, 5] . Backstrom and Kleinberg designed a new tie strength metric-dispersion-based on the connections among mutual friends, which can be used to accurately infer one's significant other (e.g., husband or wife and fiancé or fiancée) from Facebook. Their goal, however, is to classify the type of existing social tie, while we aim to quantify the diversity of common neighborhoods of both connected and non-connected users. Subgraph and Network Superfamily. Our work is also related to subgraph (motif) frequency. Milo et al. investigated the distributions of subgraph frequency across multiple types of networks, and proposed a subgraph-based significance profile for networks [29] . By leveraging this profile, they discovered several network superfamilies, whereby networks in the same superfamily display similar subgraph distributions. Recently, Ugander et al. developed a framework to investigate subgraph frequencies in real networks, which is able to characterize both the empirical as well as extremal geography of large graphs [38] . However, our work is different from subgraph mining [29, 38] , graph classification [19] , and the graph isomorphism problem [40] . Instead of these topics, our focus is on uncovering the principles that drive the formation of local network structure and exploring the significance of structural diversity in driving link organization and network superfamily detection.
Finally, the structural diversity of common neighborhoods also offers substantial potential for applications to other important network mining tasks, including link prediction [25, 10] , social recommendation [26, 36] , tie strength [16, 2] , and network evolution [22, 18, 23] . Structural diversity also has connections with heterogeneous network analysis [35] , wherein diversity can be measured by the different types of nodes and links.
CONCLUSION
In this paper, we study how the different structural configurations of common neighborhoods can influence the link existence probability, and we examine the implications of these observations for how we organize networks. Through a comprehensive study of 116 large-scale real-world and random networks, we conclude that, controlling for the number of common neighbors, the structure of common neighborhoods-particularly their density and varietyexhibits substantial influence on link existence rates across a wide variety of networks. We also find that the structural diversity of common neighborhoods has a positive influence in some networks (e.g., LinkedIn and BlogCatalog) but a negative influence in others (e.g., Facebook and Friendster), signifying an intrinsic difference in microscopic network structures and link formation mechanisms.
Surprisingly, although the principle of homophily has been acknowledged to hold over a wide variety of networks, we find that structural diversity demonstrates properties that conflict with that of homophily. We demonstrate cases where a pair of users that share four densely connected common neighbors are actually less likely to connect than a pair of users with two or three disconnected common neighbors. We find that because structural diversity captures information like this, it can benefit the task of link inference, improving predictability within our networks by up to 57% as measured by AUPR. Given that a considerable number of link inference methods are based exclusively on the homophily principle, the adoption of structural diversity provides new opportunities for tasks such as "People You May Know" in Facebook.
We further define the structural diversity signature, which serves as a fundamental property of a network similar to degree distribution, degree sequence, and subgraph distribution, but which reveals previously undiscovered mechanisms of network organization. For example, while networks such as Friendster and BlogCatalog show similar degree distributions and subgraph distributions, our structural diversity signature captures the intrinsic differences in link formation mechanisms and classifies them into different network superfamilies. Furthermore, a study of representative random graph models (ER, WS and BA) shows that only the WS model can imitate a particular superfamily of real-world networks, while none of the models can simulate the other two superfamilies of real-world networks (e.g., Facebook, Friendster, GooglePlus and Phone call). This not only demonstrates the power of the structural diversity signature as a new, fundamental property of networks, but also provides new opportunities for building random graph models.
We acknowledge that not all of the networks demonstrate remarkable differences in the link existence rates for diverse common neighborhoods (e.g., YouTube), but our comprehensive study across 116 networks does show that structural diversity has a pervasive influence on networks from a wide range of domains. By showing that the structural diversity of common neighborhoods can have different influences on link formation rates, we open new pathways to the study of network evolution, link prediction, triadic closure, and so on. Our next step will be to extend our examination of the structural diversity of common neighborhoods beyond homogeneous and static networks, further including heterogeneous networks and dynamic, inter-genre networks. Moreover, we would like to further examine the interrelations between the two characteristics of structural diversity of common neighborhoods-density and variety. Finally, we intend to incorporate the structural diversity signature into machine learning frameworks to improve link prediction and recommendation performance. 
